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Image Enhancement
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3 HP Inc.. A workflow for document enhancement through content segmentation and multiple enhancements. Technical Disclosure Commons, 2020.
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DDocE: Deep Document Enhancement
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" Prashnani et al., PieAPP: Perceptual Image-Error Assessment through Pairwise Preference. In CVPR, 2018.

2 Bosse et al., Deep Neural Networks for No-Reference and Full-Reference Image Quality Assessment. In IEEE Transactions on Image Processing, 2018.
2 Zhang et al., The Unreasonable Effectiveness of Deep Features as a Perceptual Metric. In CVPR, 2018

* Ding et al. Image Quality Assessment: Unifying Structure and Texture Similarity. In arXiv:2004.07728, 2020



Quantitative Results \d

mn PSNRt1 | MS-SSIM1 | PieAPP| | WaDlQaMt | LPIPS| DISTS|

U-Net' 15.9+27  0.81+-07 089+0.7  056+.10 017 +-.05 0.20 +-.05
Pix2Pix? 57M  162+27 081+.08 1.18+0.8 0.55+-13 017 +-05  0.19 +-.05 Competitive models from
other tasks
Pix2PixHD? 113M 157 +27  079+-.09  0.95 +-1.1 051+-12  021+.06 024 +.06
Fan* . 151 +-34  0.80+.08 1.00+09  058+-.08 016+-.05 0.16 +-.05
HP Inc.? 5M  16.9+-3.0 0.84+-07 149+09  057+.10 0.16+-05 0.17 +-.05 Enhancement Models
Zero-DCE® 79k  159+30 082+.08 1.10+0.8  058+-09 017 +-05 0.19 +.04
DDocE 595k  16.1+2.7 0.82+.07 1.09+09  058+.09 016+.05 0.17 +-05

Our model
DDocE w/ pyramid 595k 16.1 +-3.0 0.83 +-.07 1.08 +-0.8 0.63 +-.06 0.14 +-.05 0.15 +-.04

Best result is highlighted in bold and “#” represents the number of parameters in the model.

" Ronneberger et al. U-Net: convolutional networks for biomedical image segmentation. In: MICCAI, 2015.

2]sola et a.. Image-to-image translation with conditional adversarial networks. In: CVPR, 2017.

3 Wang et al. High-resolution image synthesis and semantic manipulation with conditional gans. In: CVPR, 2018.

* Fan. Enhancement of Camera-captured Document Images with Watershed Segmentation. In CBDAR, 2007.

°* HP Inc.. A workflow for document enhancement through content segmentation and multiple enhancements. Technical Disclosure Commons, 2020.
° Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.



Qualitative Results

/

sk Crumpled paper

\

Reconstruction-based

Documents with
colored regions

== Artifacts on text regions
Shadow artifacts

)

-

sk Crumpled paper

Fan'

Documents with
colored regions

\

~

/

Enhancement Models

-

#s Crumpled paper

HP Inc.2

Documents with
colored regions

\

~

/

/ Zero-DCE®
#k Lightweight model

- Documents with
colored regions

\

Crumpled paper

~

/ DDoCE (Ours)
4k Lightweight model

Documents with
+ colored regions

/

' Fan. Enhancement of Camera-captured Document Images with Watershed Segmentation. In CBDAR, 2007.
2 HP Inc.. A workflow for document enhancement through content segmentation and multiple enhancements. Technical Disclosure Commons, 2020.
2 Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.

\

Crumpled paper

~

/




Qualitative Results

1501.00092v3 [cs.CV] 31 Jul 2015

arXiv:

Image Super-Resolution Using Deep
Convolutional Networks

Chao Dong, Chen Change Loy, Member, IEEE, Kaiming He, Member, IEEE,
and Xiaoou Tang, Fellow, IEEE.

et cveral raconsiructon cuaty

1 INTRODUCTION
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Ablation Studies (\U
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Best result is highlighted in bold.
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1.09 +-0.9

1.08 +-0.8
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0.63 +-.06
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0.15 +-.05

0.16 +-.05

0.16 +-.05

0.14 +-.05

" Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.
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= DDocE: Deep Document Enhancement - Summary

e Competitive lightweight method for document enhancement
o Importance of the components of our model altogether
o  Open challenging scenarios

e Challenges in the evaluation protocol
o  Future work: add human perceptual study
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